Background. The Health Utilities Index Mark 3 (HUI3) is a tool composed of 41 questions, covering 8 attributes: vision, hearing, speech, ambulation, dexterity, emotion, cognition, and pain. Responses to these questions can define more than 972,000 health situations. This tool allows respondents to answer "Don't Know," for which there is no scoring instruction, to any given question. This situation creates a break in the scoring algorithm and leads to considerable amounts of missing data. The goal of this study is to develop strategies to deal with HUI3 scores for participants who have missing data. Methods. The authors used data from 248 individuals enrolled in the Cataract Management Trial, focusing on the HUI3 vision and ambulation attributes, which had 19% and 10% of attribute levels missing, respectively. Inspection and deduction were used to fill in values independent of the value of the missing data, then alternative analytic techniques were compared, including mean substitution, model scoring, hot deck, multiple imputation, and regression imputation. Results. Inspection and logical deduction reduced the percentage of missing information in the HUI3 by 49% to 87%. A comparison of analytic techniques used for the remaining HUI3 vision data missing demonstrated the value of building models based on internal response patterns and that simple analytic techniques fare as well as more complicated ones when the number of missing cases is small. Conclusion. Analyzing the pattern of responses in cases where the attribute level score is missing reduces the amount of missing data and can simplify the analytic process for the remaining missing data.
T he value of medical interventions has increasingly become associated with its costs and outcomes, including both life expectancy and health-related quality of life (HRQOL). [1] [2] [3] Accurately measuring qualityadjusted life years (QALYs) in clinical trials is a challenge. 4 QALY are the main metric for the denominators of cost-effectiveness (CE) analyses. CE analyses are important for policies designed to prioritize medical resources devoted to treatments such as cataract extraction. Furthermore, in clinical trials that show close calls, the CE estimate may influence which treatment is preferred.
Some have argued strongly that preference measures, such as QALYs, cannot be accurately estimated for older patients, those with low literacy, or those with little education. 5 Threats to validity of HRQOL instruments include 1) the inability to process the depth and complexity of information required in actual judgments and 2) cognitive dysfunction (especially an impaired ability to perform numerical calculations), both of which can be issues for older patients. 5 Few studies have sought to validate instruments that measure HRQOL or preferences for specific health states in the elderly. 6, 7 Nevertheless, calculating QALYs is essential for the comparison of the cost-effectiveness of various treatments in any target population.
The Health Utilities Index Mark 3 (HUI3, a registered trademark of HUInc) 8 is a rigorously developed and widely used instrument to measure HRQOL. This instrument is attractive in that it provides simple descriptions of health states and should be usable even among older patients with mild cognitive deficiencies or low educational levels. The HUI3 instrument is composed of 40 questions measuring 8 health attributes (vision, hearing, speech, ambulation, dexterity, emotion, cognition, and pain) and 1 question that reflects overall health status. The attributes were selected to be structurally independent (each independently affects overall health), and the system as a whole defines 972,000 different health states. 9, 10 The HUI3 includes categorical information in the form of attribute levels (for vision and ambulation: best score for level = 1, totally disabled = 6). These attribute scores can then be converted to single-attribute utility scores, ranging from 0 to 1. For example, the single-attribute vision utility ranges from 0.00, representing blindness, to 1.00, representing a perfect vision state. Furthermore, a weighted-scoring algorithm is applied to combine the scores for each attribute to derive a multiattribute utility score that represents the overall health state utility (death = 0.00, perfect health = 1.00).
In the HUI, most questions are of the "yes/no" categorical variety and all questions allow the respondent to legitimately answer "Don't Know" (DK) or to refuse to answer. Because skip patterns, that is, jumps between questions based on responses, are used in determining the attribute level of many HUI3 domains (Table 1), DK responses cause a disruption in the scoring algorithm. When a response is DK, the interviewer is required to move on to the next question in the sequence rather than perform a skip. The failure to follow the appropriate skip pattern eliminates the possibility of accurately scoring the attribute (Table 1) .
DK responses to well-defined questions asking about capabilities are very different from typical nonresponse missing data, for which no response is given at all. Little research has been conducted on the best way to handle DK responses. One article reviewed DK responses as they applied to a survey of Slovenians regarding Slovenian independence. 11 In election polls, DK means "undecided" and is valuable information to political parties. In the HUI3, DK is a valid response and may have similar utility in estimating the proportion of a survey population that cannot clearly answer a question one way or another.
In addition to DK responses in the HUI3, traditional nonresponse or data input errors cause disturbances in the skip patterns and complicate scoring. Because the HUI3 is a widely used preference measure and use of the DK option is unlikely to be random, developing strategies to handle DK responses and impute nonresponses so that attribute levels can be assigned to virtually all participants in a clinical trial is very important for subsequent cost-effectiveness analysis.
HANDLING MISSING DATA RESULTING FROM ITEM NONRESPONSE
In the HUI3 interview, item nonresponse may be attributed to 3 primary factors: 1) refusal or inability to answer a question (e.g., use of DK), 2) failure to ask the question or to record the answer (generally rare), and 3) recording logically inconsistent responses. Item nonresponse can be dealt with in several ways. Many software packages delete the records with missing items, which has potentially significant consequences for introducing bias in the analysis. 12 Alternatively, records with missing items can be analyzed separately from records with complete data. Finally, by using information that is known about a participant, one can impute, or fill in, plausible values for missing items.
REVIEW OF IMPUTATION TECHNIQUES
Imputations are drawn from a predictive distribution of missing values, which can be created by a variety of methods using observed data. There are 2 groups of methods used to generate such predictive distributions: 1) explicit modeling and 2) implicit modeling. 13 Explicit modeling is based on a formal statistical model with explicit assumptions. Examples of explicit modeling include 1) mean imputation and 2) regression imputation. 13 Mean imputation, which substitutes the sample mean for each of the missing values, is an example of an explicit model, in which the assumption is that nonrespondents are similar to respondents on the item in question, but just failed to respond. 13 In addition to this assumption being suspect, this method underestimates the variance by imputing missing values at the center of the distribution. 14 Regression imputation replaces missing values using predicted values from a regression. The regression of the missing items on observed items uses data from both missing and observed variables. 15 For example, complete data from the Activities of Daily Vision Scale (ADVS) can be used in conjunction with existing vision levels from the HUI3 in a regression to predict missing HUI3 vision attribute levels.
Implicit modeling relies on an underlying model based on implicit assumptions. Examples of implicit modeling include 1) hot deck imputation and 2) multiple imputation. 12, 16 Hot deck imputation involves substituting values drawn from similar individuals. The schema used to determine "similarity" can range from very simple (all respondents with complete data) to very complex (based on responses to specific items). 13 The disadvantage of a single hot deck imputation is that it does not reflect sampling variability. Multiple imputation, combining the results of multiple rounds of imputation, helps to better reflect sample variance. 17 Even more sophisticated imputation methods than those briefly discussed exist. However, imputation methods for handling missing data have been described as "both seductive and dangerous" by some of the foremost experts in the field of imputation. 18 Oftentimes, using imputation techniques lulls the user into believing that the data generated are both complete and legitimate, even when the imputed data may have substantial biases. 13, 19 A good imputation procedure meets the objectives of 1) imputing values that are consistent and 2) reducing the nonresponse bias while preserving the variance and the relationships among items as much as possible. In addition, imputation procedures can be set up prior to data collection and evaluated in terms of their impacts on the bias, precision of estimates, and conclusions drawn from the study. 19, 20 The HUI3 is a great example because a variety of imputation techniques can be used for missing data and are recommended in the scoring manual. 21
ITEM NONRESPONSE IN THE HUI3
Nonresponses to the questions in the HUI3 need not result in the loss of attribute-level scores. In many cases, the question lacking a response does not impact the standard scoring. For example, case A in Table 2 demonstrates that whether the answer to question 4 is assumed to be yes or no, the resulting attribute level is 2. In many cases, analysis of all of the questions involved in the attribute score will allow assignment of an appropriate score or dramatically narrow the range of possible attribute levels. Such missing data may be termed "missing without consequence" (MWC) because its absence may have no practical consequences.
This report presents and evaluates several approaches for estimating HUI3 attribute-level scores when the within-attribute item level has some nonresponse. Our hypothesis is that a substantial portion of HUI missing data are actually MWC. Our analysis demonstrates the degree to which the range of attribute levels can be narrowed. Although it may seem obvious that the 1st step in any analysis should be to determine which values are MWC, many users of the HUI3 overlook the importance of this step, skipping to more elaborate imputation techniques. We compare the use of formal techniques of imputation, such as mean substitution, hot deck, multiple imputation, and logistic regression, to a simpler method of inspection and deduction.
METHODS

Data Collection
The data for these analyses are derived from the Cataract Management Trial (CMT). The CMT is a randomized trial that compares the benefits of immediate cataract surgery with those of watchful waiting, using inclusion criteria defined to select older patients who have a low predicted probability of improvement in vision-specific functioning from surgery. Eligible participants had to be older than 64 years, have a diagnosis of bilateral age-related cataracts with no previous history of cataract surgery, be considered candidates for eye surgery by their ophthalmologists, and have a less than 30% predicted probability for improvement in visual functioning after surgery. 22 Additional eligibility criteria included ability to speak English, intact hearing, and sufficient cognitive function to provide informed consent and fully participate in the prerandomization and follow-up interviews. A complete description of inclusion and exclusion criteria is provided with the main trial results. 23 All relevant institutional review boards approved the study protocol.
Prerandomization assessments were conducted on all 248 participants. Measurement instruments included 1) the ADVS, a vision-targeted measure of functional status 24 ; 2) the SF-12, a short generic measure of HRQOL 25 ; and 3) the HUI3 (HUI23S1.40Q). 9,21 Two HUI3 attributes were chosen for nonresponse analysis: baseline or prerandomization HUI3 Vision and HUI3 Ambulation. We chose those 2 attributes because they accounted for a significant proportion of the missing data and were key outcome measures for the intervention (cataract surgery) in the randomized trial.
Analysis
The DK response to a single question within a specific attribute results in a missing total attribute level and a missing total weighted HUI3 score. Thus, attribute level was considered to be the most important component to impute, because it is used to derive both single-attribute and multiattribute utility scores. We calculated the number of missing items per attribute and the proportion of DK responses. Our analysis took a 2-step approach. As a 1st step, we inspected patterns to fill in attribute values that are either independent of the value of the missing question or can be assigned by logical deduction. In the 2nd step, we compared alternative imputation schemes, including mean substitu-tion, model scoring, hot deck, multiple imputation, and regression imputation.
Inspection, Deduction, and Model Formation
We inspected the pattern of responses to questions for those individuals who were missing vision and ambulation scores. Those patterns were compared with the scoring scheme for the particular attribute. The patterns were identified as MWC nonresponses if the missing response did not alter the attribute-level score, regardless of the answer. For those patterns with relevant nonresponses, an attempt was made to use the internal logic in the sequence of questions within each at-tribute to score the question correctly and then to provide an attribute-level score. For those patterns for which inspection and deduction were useful, 2 independent judges assessed interrater consistency.
In circumstances where neither inspection nor deduction allowed for definitive scoring, a scoring model was created for use in the 2nd (imputation) part of the analysis. For example, if someone answered DK for question 4 in the vision attribute, 2 cases could be created with a yes and a no, respectively ( Table 3, 
Logical Deduction Raw Responses Possible Attribute Patterns and Levels
"Don't Know" (2 cases)
Result of a skip error (2 cases) 
OPTIONS FOR HANDLING MISSING DATA IN THE HUI3
1 0 (the random draw or regression performed on those individuals with scores who said "yes" to Q1 and did not say "no" to Q 5 [not "no" means an answer of yes or the question was skipped])
4 (the random draw or regression performed on those individuals who said "no" to Q1 and "yes" on Q2)
89 (the random draw or regression performed on those individuals who did not say "no" to Q2 and said "yes" to Q4)
4 (the random draw or regression performed on those individuals who did not say "no" to Q2 and did not say "no" to Q3)
4 (the random draw or regression performed on those individuals who said "yes" to Q1)
1 0 (the random draw or regression performed on those individuals who said "no" to Q1, did not say "no" to Q3, and said "yes" to Q4)
10 (the random draw or regression performed on those individuals who did not say "no" to Q3 and said "yes" to Q4) 
Imputation Technique
The 2nd part of the analysis employed a variety of previously published imputation techniques. We first assumed that a DK response was equivalent to missing. Two sets of imputations were performed, prior to and after using inspection and deduction. We compared 5 imputation techniques on the post-inspection-anddeduction data: mean substitution, model scoring, hot deck, multiple imputation, and regression imputation. This analysis was performed on both single-attribute utility scores and attribute levels. Single-attribute-level scores were calculated based on the scoring algorithm provided with the HUI3. 21 Mean Substitution 1,13 : This technique uses the single mean of the observed data from individuals with complete data. The mean single-attribute visual utility score and attribute level were used for those with missing scores.
Scoring Models 2 : HUI3 attribute levels range from 1 to 5 or 1 to 6. The use of inspection and deduction reduced the possible attribute levels to either 2 or 3 choices from the 5 to 6 possibilities (Table 3) . A total of 7 models were needed to account for the pattern of responses among those individuals who still had missing HUI3 vision-level attribute scores.
Weighted-Mean Imputation: Using these scoring permutations, we then imputed a weighted mean using the proportion of individuals who had complete data with attribute levels allowable in each model. Hot Deck 3, 18, 19 : Two sets of analysis were performed. The 1st set, prior to inspection, was a random draw using scores from any of the complete cases. In the 2nd set, postinspection, we used the HUI3 vision-attribute models to identify individuals with complete survey responses whose response pattern was similar to individuals with missing data. Pattern similarity, based on the models in Table 3 , was used to define the pool of possible replacement scores. Attribute levels were then selected randomly with replacement from this pool and used to impute levels for those with missing levels. Other covariates, such as age, gender, visual acuity, and SF-12 scores, were considered to help define the pool of similar individuals but were not helpful once the patterns defined from the response models were used.
Multiple Imputation 12, 16, 17, 26 : Because single imputation, using the hot deck procedure above, has potential problems (confidence intervals that are too narrow, high type I error rates), 12 we also performed multiple imputation using the hot deck method above, both prior to and after inspection and deduction. Ten imputed datasets were developed. Previously published techniques for combining the datasets and combining within and between variance were used. 16, 17 Logistic Regression 4,21 : We performed 3 sets of logistic imputation analysis using ADVS scores. Initial analysis was performed using an ordered-logit model with ADVS as the only independent variable and HUI3 Vision attribute levels as the dependent variable, providing probabilities for each level. [1] [2] [3] [4] [5] [6] We used a uniform distribution to generate random deviates that were added to the regression probabilities to create additional "noise" in the imputation process. This imputation analysis was performed prior to and after inspection and deduction. In addition, a 3rd analysis used ordered logit regression with ADVS as the independent variable on only "similar" individuals, defined using the previously built response models. These models limited the analysis to either 2 or 3 response categories. If the model had only 2 categories, a simple logistic regression model was used, and for those with 3 categories, a cumulative logit model was used. Other covariates, such as age, gender, visual acuity, and SF-12 scores used to further specify the regression model, did not alter our results (data not shown).
Unweighted Mean Imputation-Using Models: Finally, we assumed that a DK response indicated that respondents were caught in the middle of a dichotomous answer, between yes and no. In that case, it seems reasonable to impute an unweighted mean of the scores associated with yes and with no on that choice and the rest of their responses. For example, if a yes response on an item would lead to an attribute level of 2 based on the other responses and a no response would lead to an attribute level of 4, DK would be assigned a level of (2 + 4)/2 = 3, independently of the pattern of responses and attribute levels among people with complete data.
RESULTS: INSPECTION AND DETECTION
HUI Vision
The vision-attribute portion of the HUI is composed of 5 questions (Table 1) . Complete responses and scores were available for only 201 of the 248 patients enrolled. A review of baseline HUI vision scores revealed that 39 of the 47 missing attribute levels were a result of a DK response. With inspection, 23 of these 47 cases could be assigned attribute levels with a high degree of certainty. In 19 of the 23 cases, the missing data were not needed to assign appropriate attribute levels ( Table 2 , A and B). In 2 cases, internal logical deduction was needed to assign a score (Table 2, C). Here, the main question was how to interpret a DK response to question 4 when the person answered "no" to question 5. It is reasonable to assume, as verified by our 2 independent judges, that those who answered no to question 5 should answer no to question 4 as well.
Two cases of missing data resulted from a skip or input error ( Table 2 , D and E). In those cases, logic could also be used to assign an attribute level. For case D, the skip pattern dictated that a "no" to questions 1-3 should result in skipping questions 4 and 5. Because questions 4 and 5 were answered, it is logical to assume that the answer to question 3 was "yes," which would have forced the interviewer to ask questions 4 and 5. In case E, a "yes" to question 2 required a skip to question 4. In this case, no data were entered for question 4. Thus, the "yes" response to question 3 most likely was entered in the data file incorrectly and represents the answer to question 4.
HUI Ambulation
The ambulation portion of the HUI comprises 7 related questions ( Table 4 ). The initial assessment of baseline HUI ambulation-level scores revealed 24 missing values, 21 of which were due to DK and 3 to input errors. Inspection led to the immediate assignment of appropriate-level scores in 16 cases, where the missing data were not relevant ( Table 5 , A, B, and F). In 5 cases, logical deduction was required ( Table 5 , C, D, and E). If an individual answered "yes" to question 20, then a "no" would be required to questions 16, 17, and 18. Both of our independent judges assigned the level of 3 to all 5 questions. Three cases remained for which neither inspection nor internal deduction was sufficient to assign a level score.
SUMMARY OF INSPECTION AND DEDUCTION
The use of inspection and deduction dramatically reduced the missing attribute-level problem for both the HUI vision and ambulation domains. There was 100% agreement between the 2 independent judges in score assignment for missing scores resulting from DK responses. The only area of disagreement between the judges occurred for the 2 cases resulting from skip errors or transcription error by the interviewer ( Table 2 , D and E). One judge felt comfortable assigning specific scores, whereas the other judge felt that trying to assign the etiology of the error was outside the scope of logical deduction. Nevertheless, of the 44 cases scored by in-spection and deduction, there was agreement on 42, representing an overall 95% interrater agreement rate. The number of missing items was reduced by 49% in the HUI vision attribute and 88% in the HUI ambulation attribute ( Table 6 ). Because only 3 HUI ambulation attribute scores remained missing, the rest of the analysis focused on the remaining 24 missing scores in the HUI vision attribute.
IMPUTATION WITHOUT PRIOR INSPECTION
Without inspection, there were only 201 complete HUI3 vision attribute levels with 47 missing values. Substituting the mean single-attribute utility score, 0.927, for the 47 missing cases provided a total sample mean (standard deviation) of 0.927 (0.095) ( Table 7 , middle), a reduction in standard deviation of 0.01 (0.105-0.095). Using a random draw of an attribute level from completed cases to fill in the missing cases, a simple hot deck approach yielded a mean singleattribute utility score of 0.919 (0.116). Multiple imputations using hot decking resulted in a mean of 0.922 (0.105). Using ADVS scores via logistic regression to impute missing scores yielded a mean single-attribute utility score of 0.930 (0.102) ( Table 7) .
There were 23 cases that were "imputed" by inspection and deduction perfectly because these cases had data MWC. The mean single-attribute utility score for these cases (n = 23) was 0.906 (0.131; Table 7 , top). Without the inspection and deduction step, these cases were imputed using one of the imputation methods described above. The differences between the imputed values from inspection and deduction and the values imputed using another method represent errors that would then be carried into subsequent analyses if one did not follow the 2-stage approach this article outlines.
IMPUTATION AFTER INSPECTION
After the initial inspection and logical deduction, 24 cases of missing data remained to be analyzed in the HUI vision attribute. For the 224 complete cases (deleting cases with missing information), the mean singleattribute utility score was 0.925 (0.101). Substituting this mean in the 24 cases yielded a total mean for the 248-case sample of 0.925 (0.102) ( Table 7) , resulting in more robust standard deviation and variance compared with mean imputation with no inspection. Logistic regression, using ADVS scores as the only independent variable, yielded a complete sample mean of 0.926 (0.108). Note: The questions and coding algorithms of the HUI3 are copyright of HUInc and should not be used or reproduced without written permission of HUInc. 8, 21 From the 24 missing HUI vision scores, 7 models were needed to represent the pattern of missing information from which the sets of "similar" individuals could be defined (Table 3 ). These models were used for the subsequent imputation techniques. Weighting the feasible pattern scores in each model by the distribution of the scores among those with complete answers and then substituting the weighted mean for missing values yielded a mean single-attribute utility score of 0.927 (0.103).
Using the more complex imputation hot deck approach provided a complete sample mean singleattribute utility score of 0.930 (0.103) ( Table 7) . Multiple imputations using the hot deck procedure yielded a mean of 0.929 (0.103). The ADVS scores and the models with internal information on responses were used to perform an ordered-logit regression across a similar population. The complete sample mean was 0.929 (0.104) ( Table 7) .
If a DK response reflects an individual being caught in the middle between a "yes" and "no," we can substitute the unweighted mean of the possible scores for each missing pattern for the missing attribute level 
NAEIM AND OTHERS
DISCUSSION
Missing information is a potential pitfall of the HUI3 because survey subjects have the option to answer questions with a DK response. It is not clear if the high rate of DK responses in this trial was due to the older age of the participants. However, without a method to handle valid DK responses, there would have been a loss of 20% of the data endpoints in the cost-effectiveness analysis (data not shown). This amount of missing data may be unacceptably high. Differences in utility of just 0.02 over a 1-year time horizon could change the incremental cost-effectiveness analysis for cataract surgery from $50,000/QALY to $100,000/QALY (unpublished data).
In this article, we compared a 1-step (direct imputation) and 2-step approach for handling the missing items. In the latter approach, the 1st step inspects patterns and uses logical deduction to fill in attribute levels that are independent of the missing data. It may seem self-evident that there should always be an inspection and deduction step when using the HUI3, but our experience is that many users of this instrument do not perform this step because it is not a formal part of the scoring algorithm 21 and it is potentially time consuming. However, if the logical inference could be coded and applied to the data automatically, it could ultimately save a substantial amount of time. Inspection and deduction successfully imputed 49% to 87% of the missing attribute levels. The 2nd step imputed the remaining 13% to 51% of missing values, employing a variety of published methods.
Pattern inspection and internal logical deduction for each attribute with missing data proved to be valuable. In many cases, the nonmissing items within the attribute determined unique attribute-levels so that the data were missing without consequence. Even in circumstances where missing data did affect the attribute score, pattern inspection was useful in limiting choices to only 2 or 3 levels consistent with the observed responses.
We found that when the amount of missing data is small, results may be insensitive to imputation methods, and simple methods, such as mean substitution or model scoring, will suffice for the 2nd imputation step. Furthermore, disregarding the internal response patterns from which we perform our inspection and deduction, and pursuing straight imputation from the start may be unreliable and provide incorrect attribute levels, erroneous group means, and unwanted variance reduction, which in turn can lead to inappropriately narrow confidence intervals and type I errors.
More sophisticated imputation methods may preserve variance estimates in the sample. The use of within-attribute responses in the imputation of missing attribute levels reduces the range of feasible scores. As a result, sophisticated imputation methods do not perform better from the standpoint of preserving variance estimates than simpler methods. Using a weighted mean value from the patterns of missing data yielded results very similar to those of mean substitution, hot deck, multiple imputation, and logistic regression methods. Logistic regression imputation yielded standard deviations that corresponded better with the overall sample's, but the method ignores appropriate answers to other questions within the attribute exploited by other methods. Additionally, in many clinical trials that use the HUI3, data will not have been collected with other condition-specific measures such as the ADVS.
After taking the pattern of responses into account, regression using ADVS scores did not contribute significantly, in terms of mean and variance estimates, in predicting vision-attribute scores. Other scales administered to the same subjects at the same time for other attributes could also be considered for use in modeling. For example, the SF-12's physical functioning items might be used in a regression imputation approach for ambulation, but such additional scales would offer little improvement to the imputation if their ability to discriminate between HUI3 states were limited. The SF-12 asks individuals if they can walk but is not able to discriminate whether they need help or use equipment, essential for imputing the ambulation-attribute score. Additionally, respondent burden and interview length limits this approach.
In summary, pattern inspection and logical deduction can greatly mitigate problems with DK responses and missing values in the HUI3. The initial task of developing algorithms for scoring missing data by inspection and deduction can be time consuming but can be coded and implemented automatically to reduce time in the long run. Those algorithms can be verified and standardized easily using a panel of independent judges. In the long run, such algorithms will save significant amounts of time and provide for more accurate estimates of the incremental cost-effectiveness of various treatments by ensuring that virtually all participants randomized will have an estimate of their QALYs both before and after an intervention. After an initial stage of pattern inspection and deduction, the missing data problem may become so small that simple imputation methods may suffice for the remaining missing data. This 2-step strategy alleviated the HUI3 missing data for vision and ambulation attributes cases resulting from DK responses and could help with other HUI attributes as well.
